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Abstract 
Measuring natural selection on genomic elements involved in the cis-regulation of gene 
expression—such as transcriptional enhancers and promoters—is critical for understanding the 
evolution of genomes, yet it remains a major challenge. Many studies have attempted to detect 
positive or negative selection in these noncoding elements by searching for those with the fastest 
or slowest rates of evolution, but this can be problematic. Here we introduce a new approach to 
this issue, and demonstrate its utility on three mammalian transcriptional enhancers. Using results 
from saturation mutagenesis studies of these enhancers, we classified all possible point mutations 
as up-regulating, down-regulating, or silent, and determined which of these mutations have 
occurred on each branch of a phylogeny. Applying a framework analogous to Ka/Ks in protein-
coding genes, we measured the strength of selection on up-regulating and down-regulating 
mutations, in specific branches as well as entire phylogenies. We discovered distinct modes of 
selection acting on different enhancers: while all three have experienced negative selection against 
down-regulating mutations, the selection pressures on up-regulating mutations vary. In one case 
we detected positive selection for up-regulation, while the other two had no detectable selection on 
up-regulating mutations. Our methodology is applicable to the growing number of saturation 
mutagenesis data sets, and provides a detailed picture of the mode and strength of natural selection 
acting on cis-regulatory elements. 
 
Introduction 
Noncoding regions comprise the vast majority of genomic regions under selective 
constraint in mammals (Lindblad-Toh et al. 2011), harbor most common genetic variants 
influencing human disease (Hindorff et al. 2009), and may be the source of most evolutionary 
adaptations (King and Wilson 1975; Jones et al. 2012; Fraser 2013). Yet our ability to measure 
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natural selection in noncoding regions has lagged far behind our ability to do so in the small 
fraction of the genome that codes for protein (Zhen and Andolfatto 2012). 
In order to infer natural selection, one must be able to reject a null model of neutral 
evolution (Kimura 1984). In protein-coding regions, a convenient proxy for neutral mutations is 
the synonymous mutations that do not alter the amino acid sequence. By comparing the rate of 
accumulating potentially functional nonsynonymous mutations (abbreviated as Ka) to the 
synonymous rate (Ks), selection can be inferred (Kimura 1977): a slower nonsynonymous rate 
(Ka/Ks < 1) reflects negative (purifying) selection against changing protein sequence; a faster rate 
(Ka/Ks > 1) reflects positive selection for changing protein sequence; and approximately equal 
rates (Ka/Ks ≈ 1) means that selection cannot be inferred. Because synonymous and 
nonsynonymous sites are interdigitated within every protein-coding gene, their mutation rates 
should not differ greatly, facilitating a direct comparison of the two. This framework has proven 
useful for studying protein-coding regions, but Ka/Ks cannot be calculated for noncoding regions. 
Many studies of noncoding evolution have therefore taken alternative approaches, such as 
scanning multiple genomes for noncoding regions with unusually rapid evolutionary rates (Pollard 
et al. 2006; Prabhakar et al. 2006; Haygood et al. 2007; Kim and Pritchard 2007; Bird et al. 2007). 
For example, one of the first studies of rapid evolution in the human lineage discovered 49 
“human accelerated regions” (HARs), which are enriched near genes involved in transcriptional 
regulation (Pollard et al. 2006). However this study illustrates a major caveat for such analyses: 
although accelerated divergence is typically attributed to positive selection, many HARs were 
subsequently shown to likely result from biased gene conversion (Dreszer et al. 2007; Galtier and 
Duret 2007), a process that can lead to rapid divergence in the complete absence of selection. This 
highlights the need for comparisons to neutrally evolving sites that are matched in mutation rate to 
each noncoding region of interest. Although many candidate sources of neutral sites have been 
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proposed (e.g. nearby intronic sites, transposons, or synonymous sites), none of these is entirely 
neutral, and because they are all located outside of the noncoding elements being tested, regional 
differences in mutation rates or recombination rates are possible (Andolfatto 2008). As a result, 
there is still no consensus as to what constitutes a suitable reference for noncoding elements (Zhen 
and Andolfatto 2012).  
 Another issue with studies scanning genomes for regions of rapid divergence is that even 
when positive selection is acting on a cis-regulatory element (e.g. for higher transcriptional 
activity), there is likely to be negative selection simultaneously acting on the same element (e.g. 
purging mutations that disrupt the element’s function) (Zhen and Andolfatto 2012). When 
negative selection dominates—as is likely to be required for almost any element to maintain its 
function—scanning the genome for rapid evolution will not detect the positive selection, because 
the rate of the entire element will not be faster than neutral. In other words, “averaging” across 
sites in a noncoding element that are subject to different selection pressures will reduce power to 
detect selection. 
 One potential solution is to separate sites within a cis-regulatory element into multiple 
classes, and compare evolutionary rates between classes. This has the potential to solve both of the 
issues discussed above: mutation rates should be similar if sites of different classes are 
interspersed, and power to detect selection will be maximized if sites within each class experience 
similar selection pressures. An example of this approach is a metric called Kb/Ki, which compares 
the evolutionary rate within known transcription factor binding sites (TFBS) (Kb) with that outside 
TFBS (Ki), with an excess of substitutions in TFBS (Kb/Ki > 1) suggesting positive selection 
(Hahn et al. 2004). Although this has advantages over measuring the overall evolutionary rate 
across an entire enhancer or promoter, it has several drawbacks. Perhaps the most important is that 
most naturally occurring genetic variants affecting transcription factor binding fall outside of any 
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recognizable TFBS (Zheng et al. 2010; Kasowski et al. 2010). Not only are these effects not 
captured by Kb, they also can render Ki an underestimate of the neutral evolutionary rate (when 
mutations outside of TFBS are under negative selection), leading to inflated Kb/Ki and possibly 
false inference of positive selection. This same caveat applies to more recent studies of selection 
on TFBS as well (Arbiza et al 2013). Another method that takes into account the effects of 
substitutions on TFBS motif strengths, while not assuming that changes outside of TFBS are 
neutral, still does not account for the effects of functional substitutions outside of known TFBS 
(Moses 2009). 
 Our goal here was to design a robust framework for detecting natural selection in 
noncoding regions. To achieve this, we utilized data from saturation mutagenesis studies, which 
measure the effect of every possible single nucleotide variant (SNV) within specific cis-regulatory 
elements (Patwardhan et al. 2009; Melnikov et al. 2012; Patwardhan et al. 2012; Kwasnieski et al. 
2012). In these studies, sequence constructs containing every SNV within a promoter or enhancer 
are produced, either by large-scale oligonucleotide synthesis (Patwardhan et al. 2009; Melnikov et 
al. 2012; Kwasnieski et al. 2012) or by traditional oligonucleotide synthesis with some degeneracy 
introducing random SNVs (Patwardhan et al. 2012). Their transcriptional outputs are then 
measured, most often using high-throughput RNA sequencing of short transcribed “barcodes” that 
uniquely identify each construct. This type of data allows the classification of all possible SNVs 
into one of three classes: up-regulating (i.e. increasing transcription over the reference enhancer 
sequence), down-regulating, or silent. We can then compare the rate of fixation of (for example) 
up-regulating SNVs with the silent ones that are likely under little or no selection. Because the 
three classes of sites are interdigitated with one another, differences in regional mutation rates are 
unlikely. Directly analogous to Ka/Ks, we call these metrics Ku/Kn and Kd/Kn for measuring 
selection on up-regulating and down-regulating substitutions, respectively. Perhaps the most 
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important novel aspect of these metrics is that because the up- and down-regulating SNVs are 
assessed for selection separately, we can potentially detect positive selection on one class, even 
when negative selection on the other class would have masked any signal when considering the 
element as a whole. 
As an initial proof-of-principle, we applied our approach to the three liver enhancers 
studied by Patwardhan et al. (2012). The three enhancers, named ALDOB, ECR11, and LTV1, are 
located within or proximal to the ALDOB, DHRS9, and Zfp36 genes respectively (Gregori et al. 
2002; Kim et al. 2011). ALDOB is a glycolytic enzyme, fructose-1,6-bisphosphate aldolase; 
DHRS9 is a short chain alcohol dehydrogenase/reductase; and Zfp36 is a zinc-finger RNA-binding 
protein that binds and degrades cytokine mRNAs. These three enhancers were dissected by 
measuring the transcriptional output in vivo of over 640,000 distinct mutant enhancers, differing 
on average from the wild-type by SNVs at 2.1%-3.1% of sites; each nucleotide within each 
enhancer was mutated, on average, in over 4,000 distinct constructs. This saturation mutagenesis 
allowed the robust empirical estimation of each SNV’s effect on transcription, providing the input 
for our approach.   
 
Results 
Our methods for detecting natural selection on noncoding elements, Ku/Kn and Kd/Kn, are 
outlined in Figure 1. Briefly, they compare the rate of up- or down-regulating substitution with the 
rate of silent substitution from the same enhancer element (see Materials and Methods). Values 
significantly greater than one indicate likely positive selection, whereas those less than one imply 
negative selection, directly analogous to the commonly used protein-coding metric Ka/Ks (Kimura 
1977). Because the selective regimes are inferred for up- and down-regulation separately, they 
may reflect entirely distinct modes of selection. 
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To avoid potential issues with distant comparisons (including less accurate ancestral 
reconstruction and epistatic interactions; see Discussion), we focused on species within the same 
phylogenetic order as the original mutagenized enhancer (rodents for LTV1, and primates for 
ALDOB and ECR11). We obtained orthologous sequences for the three enhancers, aligned them, 
and reconstructed ancestral sequences by maximum likelihood (see Materials and Methods). We 
then calculated Ku/Kn and Kd/Kn for each individual branch in the phylogeny, as well as for overall 
phylogenies. 
For the LTV1 enhancer, we found an overall Ku/Kn ratio of 1.45 (Fisher’s Exact p = 1.5 x 
10-5 for the null model of neutrality) and Kd/Kn ratio of 0.51 (p = 1.2 x 10-9) among rodents (Figure 
2). No individual branches had a significant Ku/Kn ratio, but three individual branches (branches D, 
F, and M in Figure 2C) did have a significantly lower Kd/Kn ratio than expected under neutrality. 
These results suggest that within rodents there was positive selection for up-regulating mutations 
in this enhancer, coupled with negative selection against down-regulating mutations.  
 For the ALDOB enhancer, we found an overall Ku/Kn ratio of 1.14 (p = 0.56) and a Kd/Kn 
ratio of 0.48 (p = 1.7 x 10-4) in primates (Figure 3). No individual branches had a significant Ku/Kn 
ratio, while one branch (branch E in Figure 3C) had a significantly lower Kd/Kn ratio than expected 
under neutrality. These results suggest that within primates there was negative selection against 
down-regulating mutations, but no detectable selection on up-regulating mutations in this 
enhancer.  
 For the ECR11 enhancer, we found an overall Ku/Kn ratio of 0.95 (p = 0.90) and a Kd/Kn 
ratio of 0.67 (p = 0.065) (Figure 4), with no individual branches reaching significance. Therefore 
we cannot reject the null hypothesis of neutral evolution for primates as a whole. However closer 
examination revealed that these results were primarily driven by just two branches (D and E, the 
lemur clade) which accounted for 65% of all down-regulating substitutions in primates, and were 
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evolving with no detectable selection against down-regulating SNVs (Kd/Kn values of 0.90 and 
0.93; Figure 4c). Excluding the lemur branches resulted in an overall Kd/Kn of 0.44, significantly 
lower than expected under neutrality (p = 0.018). In contrast, Ku/Kn was similar within vs. outside 
the lemur clade (values of 0.998 and 0.91, respectively). This suggests that the ECR11 enhancer 
may have experienced selection against down-regulating SNVs specifically in simians (monkeys 
and apes), although the ad hoc nature of this analysis precludes a definitive conclusion. 
 To test the robustness of our results for all three enhancers, we repeated the overall-
phylogeny Ku/Kn and Kd/Kn calculations for each enhancer with three variations.  First, we 
excluded individual branches from the analysis (Supplemental Table 2), to test whether any single 
branches may have disproportionate effects. Only for ECR11 Kd/Kn was there a mixture of 
nominally significant and non-significant results (primarily due to the lemur clade described 
above). Second, we tested the effect of excluding random subsets of sites within each enhancer 
from analysis, to determine whether a small number of outlier sites may be driving the results. 
Even with up to 75% of sites excluded from analysis, we do not see any bias towards increased or 
decreased Ku/Kn or Kd/Kn, though power to detect selection does decrease (Supplemental Figure 1). 
Third, we varied the p-value cutoff at which we classified SNVs as silent or functional. At three 
different cutoffs, we observed very similar patterns of significance as in our original analysis 
(Supplemental Table 3). Together, these analyses suggest that our results are not driven by outlier 
branches, outlier sites, or the exact p-value cutoff used. 
 
Discussion 
 We have developed a new framework for measuring the strength of natural selection acting 
on cis-regulatory elements. Taking advantage of massively parallel experimental measurement of 
the effects of every possible point mutation, our approach can reveal either positive or negative 
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selection acting on either up- or down-regulating mutations. The three enhancers we used as a 
proof-of-principle have all experienced negative selection against down-regulating mutations in at 
least some lineages, and one (LTV1) has also been subject to positive selection for up-regulation. 
Although we do not know the reason for this positive selection, it may involve an advantage of 
lower levels of cytokines whose mRNAs are degraded by Zfp36 (the target of LTV1) (Brahma et 
al 2012). It is interesting to note that in no case was the phylogeny-wide Ku/Kn significantly less 
than one, while Kd/Kn was significantly less than one for all three enhancers (in at least part of the 
phylogeny). This may reflect the tendency for over-expression to be less deleterious than under-
expression (Sopko et al 2006). Re-examination of this pattern once data are available for more 
enhancers would be informative. 
A key assumption of this approach is a minor role of epistasis, or context-dependence of 
SNVs. If epistasis between SNVs was widespread, we would have to measure the impact of each 
SNV in the precise genetic background in which it occurred, a considerably more challenging 
experiment than mutagenesis of a single enhancer. Epistasis can be quantified in these enhancers 
because the set of mutant enhancers tested for activity contained not only every possible SNV, but 
also over 99.999% of all possible pairs of variant sites, only ~0.1% of which exhibit pairwise 
epistasis in their effects on transcription (Patwardhan et al. 2012). Furthermore, even among the 
epistatic SNVs, only the minority that alter the SNVs’ classification (as up-regulating, down-
regulating, or silent)—as opposed to the magnitude of up- or down-regulation—would have any 
impact on our approach. The rarity of strong epistasis implies that most SNVs will likely have the 
same effect direction (e.g. up-regulating) whether occurring in the background of (for example) a 
human enhancer, or the same enhancer in an ancestral primate, and thus epistasis is unlikely to 
have a significant effect on the overall patterns of selection that we have inferred. However more 
experiments would have to be performed to establish this definitively. 
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Although our framework is based on the widely used Ka/Ks approach for protein-coding 
sequences, it does not suffer from several important limitations of Ka/Ks. For example: 1) Ka/Ks 
reflects an “average” selection pressure across sites; if both positive and negative selection are 
acting on the same protein, only the more dominant one (typically negative selection) will be 
apparent (while it is possible to estimate Ka/Ks at single codons or to partition proteins into 
different selection classes, these approaches require very large numbers of aligned sequences 
and/or nontrivial assumptions about the distribution of Ka/Ks values among classes (Yang and 
Bielawski 2000)). 2) Because we almost never know the functional impact of specific amino acid 
substitutions, a Ka/Ks > 1 is uninformative with respect to what trait natural selection is actually 
favoring (e.g. higher or lower activity of an enzyme). 3) Synonymous sites are not actually 
neutral; treating them as such, as is the common practice, inflates estimates of Ka/Ks and can lead 
to spurious evidence of positive selection. This is not merely a theoretical concern, as synonymous 
sites have been found to be under negative selection in every species studied to date (Akashi 1994; 
Hirsh et al. 2005; Stoletzki and Eyre-Walker 2007; Plotkin and Kudla 2011; Lawrie et al 2013).  
In contrast, our approach provides improvements in all three of these areas. Specifically: 1) 
Our metrics are able to detect both positive and negative selection acting simultaneously on 
different subsets of sites (as exemplified by LTV1), therefore avoiding much of the problem of 
“averaging” across sites suffered by Ka/Ks applied to entire proteins. 2) Because we know the 
functional effects of each mutation on enhancer activity, we can infer not only the mode of 
selection (e.g. positive), but also what the selection is for (e.g. greater transcription). 3) Our 
metrics do not assume that a certain subset of sites (such as synonymous sites) are neutral, but 
instead rely on thousands of empirical measurements of the effect of every individual SNV.  
It is also informative to compare our approach with previous studies that have scanned 
genomes for accelerated evolution of non-coding regions (Pollard et al. 2006; Prabhakar et al. 
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2006; Haygood et al. 2007; Kim and Pritchard 2007; Bird et al. 2007). Perhaps the two most 
significant limitations of these previous studies are 1) the lack of a suitable neutral reference with 
the same mutation rate as each noncoding region of interest (Zhen and Andolfatto 2012); and 2) 
only regions with the most rapid overall divergence are detected, so that any signature of positive 
selection can be overpowered by negative selection acting within the same region (Zhen and 
Andolfatto 2012). Our approach provides a solution to both of these issues. First, by classifying 
SNVs as neutral only if they have no measurable effect on transcriptional output, we have a 
reliable neutral reference that is interspersed with non-neutral sites (and thus should be robust to 
regional variation in mutation rate), in much the same way as synonymous and nonsynonymous 
sites in protein-coding regions. Second, by distinguishing between up- and down-regulating 
mutations, we have the ability to detect both positive and negative selection acting simultaneously 
on different sites within a single enhancer, as we observed for LTV1. Importantly, this positive 
selection would have been missed by any approach that simply scans for an overall evolutionary 
rate faster than neutral, because the negative selection on down-regulating mutations (amplified by 
the fact that there are over twice as many possible down-regulating mutations as up-regulating 
mutations) actually leads to an overall rate for LTV1 that is slower than neutral (The neutral-site 
divergence of LTV1 across rodents is 115 substitutions / 254 possible neutral SNVs = 45.3%, 
while the overall divergence of LTV1 across rodents is 352 substitutions / 906 possible SNVs = 
38.9%). Only by accounting for the direction of each possible mutation’s effect were we able to 
detect the positive selection that has occurred. 
 Despite its advantages, there are a number of important limitations of our test. Perhaps 
most important is the current dearth of saturation mutagenesis data sets that can be used as input 
for the test (Patwardhan et al. 2009; Melnikov et al. 2012; Patwardhan et al. 2012; Kwasnieski et 
al. 2012). However these studies are becoming increasingly straightforward to implement (e.g. no 
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longer requiring access to expensive large-scale oligonucleotide synthesis technology (Patwardhan 
et al. 2012)), making them accessible to any investigators. Moreover the fact that all sites within 
an enhancer need not be analyzed to detect selection (Supplemental Figure 1) suggests that partial 
mutagenesis is a viable option. A second caveat is that because trans-acting factors can change 
between species, SNV effects may be species-specific. While this can certainly be an issue at long 
timescales (e.g. across vertebrates (Ritter et al. 2010; Ariza-Consano et al. 2012)), nearly all 
human-mouse gene expression divergence has been found to be cis-acting (Wilson et al. 2008), 
making this a minor concern at the even shorter timescales used here. Third, the SNVs are 
classified according to their transcriptional effects in the livers of mice raised in the laboratory; 
whether they may have other effects in different tissues/environments is unknown. Additional 
limitations related to the saturation mutagenesis data include the lack of information on indels, and 
potential effects of SNVs not captured by the experiment (e.g. mutations that influence enhancer 
activity in the chromosomal but not the plasmid context, or with effect sizes too small to measure). 
We expect that most of these limitations will be addressed by more comprehensive saturation 
mutagenesis studies (perhaps targeted toward the indels or SNV combinations observed in nature) 
in the near future. 
 Many extensions to this test are possible. For example, intra-species polymorphism data 
could be incorporated to allow a McDonald-Kreitman framework to be applied (McDonald and 
Kreitman 1991), which may allow more sensitive detection of positive selection. In addition, SNV 
effect sizes could be incorporated to potentially increase the power to detect selection. For 
example, even when the number of up-regulating SNVs observed in a phylogeny is consistent with 
the neutral expectation, if they are shifted towards very strongly up-regulating, selection for up-
regulation may still be detectable (cf. Moses 2009). Finally, our approach could also be applied to 
protein-coding regions that have been subjected to saturation mutagenesis (Fowler et al. 2010; 
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Araya and Fowler 2011; Starita et al. 2013). The framework we have introduced here will likely 
have many other extensions as well, as our ability to determine the effects of mutations in both 
coding and noncoding regions continues to evolve. 
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Materials and Methods 
Obtaining present-day enhancer sequences  
Orthologous mammalian enhancer sequences were identified using the sequences from 
Patwardhan et al. 2012 (ALDOB (hg19:chr9:104195570-104195828), ECR11 (hg19: 
chr2:169939082-169939701), and LTV1 (mm9:chr7:29161443- 29161744)) as BLAST query 
sequences. Using the NCBI Genomes (chromosome) database, we identified the genomic region 
from each species with the highest sequence identity to the query (with at least 70% identity), and 
then confirmed its genomic proximity to the putative target gene. If the enhancer sequence was not 
available in this database, the Whole-Genome Shotgun Contigs (wgs) database was used. In this 
case, to determine whether the enhancer sequence was located adjacent to the correct gene, several 
exons of the putative target gene were also input to BLAST to ensure that these sequences mapped 
to the same contig.  
 
Ancestral reconstructions 
Ancestral reconstructions were performed using the Ancestor v1.1 web server, which 
implements a context-dependent maximum likelihood substitution inference algorithm (Diallo, 
Makarenkov, and Blanchette 2010). We provided Ancestor v1.1 with alignments of present-day 
enhancer sequences, including outgroup species not shown in our trees (to improve 
reconstructions of the most basal nodes; species listed in Supplemental Table 1). Six separate 
alignments were constructed for each enhancer using different alignment algorithms or 
combinations of algorithms: 1. PRANK; 2. MUSCLE MSA; 3. tCoffee; 4. ClustalW2; 5. A 
combination of tcoffee_msa, clustalw_msa, muscle_msa, and clustalw_pair using 
http://tcoffee.crg.cat/; and 6) a combination of clustalw_pair and lalign_id_pair using 
http://tcoffee.crg.cat/ (Edgar 2004; Larkin et al. 2007; Löytynoja and Goldman 2010; Di Tommaso 
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et al. 2011). Default settings were used for all alignments. Alignments were inspected by eye and a 
small number of poorly aligned regions were manually adjusted (or in one case, the ECR11 
alignment using clustalw_pair and lalign_id_pair, excluded). In addition, the Hominoidea (apes 
and human) contain a LINE element in ECR11, which we removed from our reconstructions 
(human sequence: 
GAAAAATAGATCAATTTGTTCTCACTCATAGGTGGGAATTGAACAATGAGAACACAT
GGACACAGGAAGGGGAACATCACACATCGGGGCCTGTTGTGGGGTGGGGGGAGGGG
GGAGGGATAGCATTAGGAGATATATCTAACGTTAAATGACGTGTTAATGGGAGCAGC
ACACCAACATGGCACATGTATACATATGTAACAAACTGCATGTTGTGCACATGTACCC
TAAAACTTAAAGTATAATAAGAAAAA).  
We provided Ancestor v1.1 with an ultrametric phylogeny of all the species included in the 
alignments (the ‘best dates’ nexus tree from (Bininda-Emonds et al. 2007)). Branch lengths were 
rescaled to fall between 0 and 1. For two species missing from this phylogeny we used the most 
closely related species in the tree as its replacement for our branch length calculations (For Olive 
Baboon, Papio anubis, we substituted Papio hamadryas, the Hamadryas Baboon. For the 
Sumatran Orangutan, Pongo abelii, we substituted Pongo pygmaeus, the Bornean Orangutan).  
 For each ancestral node, its six alignments were used to create separate reconstructions, 
which were then aligned with tCoffee (using default settings). The most frequently observed base 
in each position was used to generate a consensus, followed by manual curation for ambiguous 
positions. For a small number of ambiguous positions where there was no consensus, the 
reconstructions derived from the tCoffee alignments (algorithm #3 above) were given priority. The 
final consensus reconstructions were used in all subsequent calculations.  
 
Calculating Ku/Kn and Kd/Kn  
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Ku/Kn and Kd/Kn were determined by applying expression differences due to single 
nucleotide variants (SNVs) (Patwardhan et al. 2012) to our ancestral reconstructions to detect 
evidence of selection (Figure 1). Insertions and deletions (indels) were not included in these 
calculations, as their impact on transcription was not tested (Patwardhan et al. 2012).   
 We calculated Ku as the ratio of observed significant (p < 0.05, quantifying the probability 
of the SNV having no effect on transcription (Patwardhan et al. 2012)) up-regulating SNVs 
divided by the total possible number of significant up-regulating SNVs in each enhancer (Figure 
1). An equivalent calculation was performed for Kd and Kn (replacing up-regulating mutations by 
down-regulating [p < 0.05] or neutral [p > 0.05]). Varying this p-value threshold (e.g. to 0.01 or 
0.1) had little effect on our results (Supplemental Table 3). Patwardhan et al. (2012) tested two 
independent libraries for LTV1, so we used Fisher’s Method to combine the two sets of p-values 
for use in our calculations.  
Fisher’s Exact Test was applied to a 2x2 contingency table to determine whether each 
Ku/Kn or Kd/Kn was significantly different from one (e.g. for Ku/Kn, the table columns were up-
regulating or neutral, and the rows were observed or not observed in a given branch or phylogeny). 
For calculations at the level of phylogenies, the counts of each SNV class in each branch were 
summed. 
If our three classes of SNVs (up-regulating, down-regulating, and silent) had different 
mutation rates, this could affect the estimation of Ku/Kn and Kd/Kn. For example, higher mutation 
rates of neutral SNVs might lead to underestimates of both metrics. To test if this was an issue for 
the three enhancers studied here, we tabulated the number of transitions and transversions among 
each class of SNVs within each enhancer (because transitions have a higher mutation rate than 
transversions). We found no significant difference for any of them (p = 0.20, 0.47, and 0.88 for 
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ALDOB, LTV1, and ECR11 respectively). For enhancers where there is a difference in mutation 
rates between classes, this could be easily incorporated by adjusting Ku, Kd, and Kn appropriately.  
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Figure Legends 
 
Figure 1. Outline of our approach. Using expression maps of enhancers and the effect of every 
single possible single nucleotide variant (SNV) combined with present-day sequences and 
ancestral reconstructions, our method estimates Ku/Kn and Kd/Kn to detect evidence of selection on 
cis-regulatory elements. Ku/Knor Kd/Kn values significantly greater than one signify positive 
selection, while values significantly less than one indicate negative selection. 
 
Figure 2. Selection on LTV1. A. Phylogenetic tree of the rodent species for which LTV1 
enhancer sequences were analyzed. Ancestral nodes are labeled L1-L7, and branches are labeled 
A-M. B. Ku/Kn and C. Kd/Kn values are plotted for each branch of the phylogenetic tree. Below 
each bar is the number of up- or down-regulating (top row) and neutral (bottom row) substitutions 
inferred for that branch. Asterisks mark branch-specific Ku/Kn or Kd/Kn values that differed 
significantly from neutral (Fisher’s Exact p < 0.05).  
 
Figure 3. Selection on ALDOB. A. Phylogenetic tree of the primate species for which ALDOB 
enhancer sequences were analyzed. Note that A8 appears twice as the reconstruction did not differ 
between these two nodes. Ancestral nodes are labeled A1-A10, and branches are labeled A-T. B. 
Ku/Kn and C. Kd/Kn, as in Figure 2.  
 
Figure 4. Selection on ECR11. A) Phylogenetic tree of the primate species for which ECR11 
enhancer sequences were analyzed. Note that E3 appears twice as the reconstruction did not differ 
between these two nodes. Ancestral nodes are labeled E1-E11, and branches are labeled A-V. B. 
Ku/Kn and C. Kd/Kn, as in Figure 2.  
	   19	  
References 
 
Akashi H. 1994. Synonymous codon usage in Drosophila melanogaster: natural selection and 
translational accuracy. Genetics 136:927-35. 
 
Andolfatto P. 2008. Controlling type-I error of the McDonald-Kreitman test in genome wide scans 
for selection on noncoding DNA. Genetics 180:1767-71. 
 
Araya CL, Fowler DM. 2011. Deep mutational scanning: assessing protein function on a massive 
scale. Trends Biotechnol 29:435-42. 
 
Arbiza L, Gronau I, Aksoy BA, Hubisz MJ, Gulko B, Keinan A, Siepel A. 2013. Genome-wide 
inference of natural selection on human transcription factor binding sites. Nat Genet, advance 
online. 
 
Ariza-Cosano A, Visel A, Pennacchio LA, Fraser HB, Gómez-Skarmeta JL, Irimia M, Bessa J. 
2012. Differences in enhancer activity in mouse and zebrafish reporter assays are often associated 
with changes in gene expression. BMC Genomics 13:713. 
 
Bininda-Emonds ORP, Cardillo M, Jones KE, MacPhee RDE, Beck RMD, Grenyer R, Price SA, 
Vos RA, Gittleman JL, Purvis A. 2007. The delayed rise of present-day mammals. Nature 
446:507–12.  
 
	   20	  
Bird C, Stranger B, Liu M, Thomas D, Ingle C, Beazley C, Miller OW, Hurles M, and 
Dermitzakis E. 2007. Fast-evolving noncoding sequences in the human genome. Genome Biol 8: 
R118. 
 
Brahma PK, Zhang H, Murray BS, Shu FJ, Sidell N, Seli E, Kallen CB. 2012. The mRNA-binding 
protein Zfp36 is upregulated by β-adrenergic stimulation and represses IL-6 production in 3T3-L1 
adipocytes. Obesity 20: 40-7. 
 
Diallo AB, Makarenkov V, Blanchette M. 2010. Ancestors 1.0  : a web server for ancestral 
sequence reconstruction. Bioinformatics 26:130–131. 
 
Di Tommaso P, Moretti S, Xenarios I, Orobitg M, Montanyola A, Chang J-M, Taly J-F, 
Notredame C. 2011. T-Coffee: a web server for the multiple sequence alignment of protein and 
RNA sequences using structural information and homology extension. Nucleic Acids Research 
39:W13–7.  
 
Dreszer TR, Wall GD, Haussler D, Pollard KS. 2007. Biased clustered substitutions in the human 
genome: the footprints of male-driven biased gene conversion. Genome Res 17:1420-30. 
 
Edgar RC. 2004. MUSCLE: multiple sequence alignment with high accuracy and high throughput. 
Nucleic Acids Research 32:1792–7.  
 
Fowler DM, Araya CL, Fleishman SJ, Kellogg EH, Stephany JJ, Baker D, Fields S. 2010. High-
resolution mapping of protein sequence-function relationships. Nat Methods 7:741-6. 
	   21	  
Fraser HB. 2013. Gene expression drives local adaptation in humans. Genome Research 23: 1089. 
 
Galtier N, Duret L. 2007. Adaptation or biased gene conversion? Extending the null hypothesis of 
molecular evolution. Trends Genet 23:273-7. 
 
Gregori C, Porteu A, Mitchell C, Kahn A, and Pichard AL. 2002. In vivo functional 
characterization of the aldolase B gene enhancer. J. Biol. Chem. 277: 28618-23. 
 
Hahn M, Rockman M, Soranzo N, Goldstein D, and Wray G. 2004. Population genetic and 
phylogenetic evidence for positive selection on regulatory mutations at the Factor VII locus in 
humans. Genetics 167: 867–77. 
 
Haygood R, Fedrigo O, Hanson B, Yokoyama K-D, and Wray G. 2007. Promoter regions of many 
neural- and nutrition-related genes have experienced positive selection during human evolution. 
Nat Genet 39:1140-4. 
 
Hindorff LA, Sethupathy P, Junkins HA, Ramos EM, Mehta JP, Collins FS, Manolio TA. 2009. 
Potential etiologic and functional implications of genome-wide association loci for human 
diseases and traits. Proc Natl Acad Sci U S A 106: 9362-7. 
 
Hirsh AE, Fraser HB, Wall DP. 2005. Adjusting for selection on synonymous sites in estimates of 
evolutionary distance. Mol Biol Evol 22:174-7. 
 
	   22	  
Jones FC, Grabherr MG, Chan YF, Russell P, Mauceli E, Johnson J, Swofford R, Pirun M, Zody 
MC, White S, et al. 2012. The genomic basis of adaptive evolution in threespine sticklebacks. 
Nature 484:55-61. 
 
Kasowski M, Grubert F, Heffelfinger C, Hariharan M, Asabere A, Waszak SM, Habegger L, 
Rozowsky J, Shi M, Urban AE, et al. 2010. Variation in transcription factor binding among 
humans. Science 328:232-5. 
 
Kim MJ, Skewes-Cox P, Fukushima H, Hesselson S, Yee SW, Ramsey LB, Nguyen L, Eshragh 
JL, Castro RA, Wen CC, et al. 2011. Functional characterization of liver enhancers that regulate 
drug-associated transporters. Clin Pharmacol Ther 89:571-8. 
 
Kim SY and Pritchard JK. 2007. Adaptive evolution of conserved noncoding elements in 
mammals. PLoS Genet 3: 1572–86. 
 
Kimura M. 1977. Preponderance of synonymous changes as evidence for the neutral theory of 
molecular evolution. Nature 267: 275–276. 
 
Kimura M. 1984. The Neutral Theory of Molecular Evolution. Cambridge University Press. 
 
Kwasnieski JC, Mogno I, Myers CA, Corbo JC, Cohen BA. 2012. Complex effects of nucleotide 
variants in a mammalian cis-regulatory element. Proc Natl Acad Sci U S A 109:19498-503. 
 
	   23	  
Larkin MA, Blackshields G, Brown NP, Chenna R, McGettigan PA, McWilliam H, Valentin F, 
Wallace IM, Wilm A, Lopez R, et al. 2007. Clustal W and Clustal X version 2.0. Bioinformatics 
23:2947–8.  
 
Lawrie DS, Messer PW, Hershberg R, Petrov DA. Strong Purifying Selection at Synonymous 
Sites in D. melanogaster. 2013. PLoS Genet 9:e1003527.  
 
Lindblad-Toh K, Garber M, Zuk O, Lin MF, Parker BJ, Washietl S, Kheradpour P, Ernst J, Jordan 
G, Mauceli E, et al. 2011. A high-resolution map of human evolutionary constraint using 29 
mammals. Nature 478:476-82.  
 
Löytynoja A, Goldman N. 2010. webPRANK: a phylogeny-aware multiple sequence aligner with 
interactive alignment browser. BMC Bioinformatics 11:579.  
 
McDonald JH and Kreitman M. 1991. Adaptive protein evolution at the Adh locus in Drosophila. 
Nature 351: 652. 
 
Melnikov A, Murugan A, Zhang X, Tesileanu T, Wang L, Rogov P, Feizi S, Gnirke A, Callan CG 
Jr, Kinney JB, et al. 2012. Systematic dissection and optimization of inducible enhancers in 
human cells using a massively parallel reporter assay. Nat Biotechnol. 30:271-7. 
 
Moses AM. 2009. Statistical tests for natural selection on regulatory regions based on the strength 
of transcription factor binding sites. BMC Evol Biol 9: 286. 
 
	   24	  
Patwardhan RP, Lee C, Litvin O, Young DL, Pe'er D, Shendure J. 2009. High-resolution analysis 
of DNA regulatory elements by synthetic saturation mutagenesis. Nat Biotechnol 27:1173-5. 
 
Patwardhan RP, Hiatt JB, Witten DM, Kim MJ, Smith RP, May D, Lee C, Andrie JM, Lee S-I, 
Cooper GM, et al. 2012. Massively parallel functional dissection of mammalian enhancers in vivo. 
Nat Biotechnol 30:365-70.  
 
Plotkin JB, Kudla G. 2011. Synonymous but not the same: the causes and consequences of codon 
bias. Nat Rev Genet 12:32-42.  
 
Pollard KS, Salama SR, Lambert N, Lambot MA, Coppens S, Pedersen JS, Katzman S, King B, 
Onodera C, Siepel A, et al. 2006. An RNA gene expressed during cortical development evolved 
rapidly in humans. Nature 443:167-72. 
 
Prabhakar S, Noonan JP, Paabo S, and Rubin EM. 2006. Accelerated evolution of conserved 
noncoding sequences in humans. Science 314: 786.  
 
Ritter DI, Li Q, Kostka D, Pollard KS, Guo S, Chuang JH. 2010. The importance of being cis: 
evolution of orthologous fish and mammalian enhancer activity. Mol Biol Evol 27:2322-32.  
 
Sopko R, Huang D, Preston N, Chua G, Papp B, Kafadar K, Snyder M, Oliver SG, Cyert M, 
Hughes TR, Boone C, Andrews B. 2006. Mapping pathways and phenotypes by systematic gene 
overexpression. Mol Cell 21: 319-30. 
 
	   25	  
Starita LM, Pruneda JN, Lo RS, Fowler DM, Kim HJ, Hiatt JB, Shendure J, Brzovic PS, Fields S, 
Klevit RE. 2013. Activity-enhancing mutations in an E3 ubiquitin ligase identified by high-
throughput mutagenesis. PNAS 110:E1263-72. 
 
Stoletzki N, Eyre-Walker A. 2007. Synonymous codon usage in Escherichia coli: selection for 
translational accuracy. Mol Biol Evol 24:374-81. 
 
Wilson MD, Barbosa-Morais NL, Schmidt D, Conboy CM, Vanes L, Tybulewicz VL, Fisher EM, 
Tavaré S, Odom DT. 2008. Species-specific transcription in mice carrying human chromosome 
21. Science 322:434-8.  
 
Yang Z and Bielawski JP. 2000. Statistical methods for detecting molecular adaptation. Trends 
Ecol Evol 15:496-503. 
 
Zhen Y and Andolfatto P. 2012. Methods to Detect Selection on Noncoding DNA. Evolutionary 
Genomics: Statistical and Computational Methods, vol. 856 pp 141-159. 
 
Zheng W, Zhao H, Mancera E, Steinmetz LM, Snyder M. 2010. Genetic analysis of variation in 
transcription factor binding in yeast. Nature 464:1187-91. 
 
!" " " " "#"
!" " " ""#"
!" " " " ""#"
!" " " " ""#"!"#$%&$'()$*+%,-(./0#(12##3"-$()$*+%,-(./0#(
$%&'&()*+,-"'&./&(0&'",(+"
,(0&')%,1"%&02(')%/032('"42%"
05'*%&6/1,)2%-"&1&7&()'"
8%,('0%5932(,1"&:&0)'"24",11"
92''5;1&"'5(61&"(/01&23+&"
<,%5,()'"!=>?'#"
!"#$%&$'(*45(
%$6*-,7)6(./0#(
12##3"-$(*4(./0#(8*(
12##3"-$()$*+%,-(./0#(
!"#$%&$'()$*+%,-(./0#(
12##3"-$('29)(./0#(
!"#$%&$'('29)5(
%$6*-,7)6(./0#(
8'(
8)(
:(
8)(
:(
!"#$%
$"&'%
("#)%
$"#!%
("#)%
!"*)%
+"(*%
$"'#%
$",&%
$"##%
!"!!%
$")'%
$"&*%
!%
$%
(%
+%
 -%  .%  /%  0%  1%  2%  3%  4%  5%  6%  7%  8%  9%!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2%
!"#$%&# '# '(# )# '*# +# ',# -# -# (# ')# .# +.# '-#
/%01234# 5# ',# +# ',# '# '(# 5# 6# 6# '+# ,# ')# ')#
7899:;4%#!"<#+.6#
7899:;4%#/%01234<#+,)#
=>%2344#?0@?A#B#'C),#
D:9E%2F9#GH3I1#"#B#'C,#H#'.J,#
..#
03%
04%
!"
#"
$"
%"
&"
'"
("
)"
*"
+"
,"
-"
."
C	  
B	  
A	   LTV1	  
!"#$%
!"&'%
(")(%
!"&*%
("(&%
!"#+%
!",)%
!"*$%
("!&%
!"++%
!"*#%
!",#%
!"&(%
!%
(%
*%
#%
 -%  .%  /%  0%  1%  2%  3%  4%  5%  6%  7%  8%  9%
!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2%
!"#$%&'(% )% *+% ,% **% )% *)% +% +% **% *-% )% *+% *.%
/'01234% +% *5% )% *5% *% *6% +% ,% ,% *)% 5% *-% *-%
7"889:4'%!"#$;%--,%
7"889:4'%/'01234;%)5-%
<='2344%>?@>$%A%.B5*%
C98D'2E8%FG3H1%I%A%*B)%G%*.J6%
K% K% K%
.%
03%
04%
!C	  
B	  
A	   ALDOB	  
!"!!#!"!!#
!"$%#
&"!'#
!"()#
&")*#&")*#
+"*&#
!"!!#
!"%'#
+"+,#
!"!!#!"!!#
+"+,#
!"!!#
+"*&#
!"!!#!"!!#!"!!#
!#
+#
&#
$#
-# .# /# 0# 1# 2# 3# 4# 5# 6# 7# 8# 9# :# ;# <# =# ># ?# @#!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7%
!"#$%&# '# '# (# )# *# )# )# (# '# (# (# (# '# '# (# '# (# '# '# '#
+%,-./0# '# '# 1# *# (2# 3# 3# 4# 4# 3# )# '# (# 4# )# 4# 4# (# '# (#
5677890%#!":#1*#
5677890%#+%,-./0:#)4;#
<=%./00#>,?>@#A#(B(3##
C87D%.E7#FG/H-#"#A#'B*;#
' ' ' ' ' ' '@I%J# @I%J#'#
08%
09%
K#
!"!!#!"!!#
!"$%#
!"&'#
!"(%#
!"!!#!"!!#
!")*#
%"'&#
!"$)#
!"!!#
!")*#
!"($#
!"$%#
!"!!#
!"($#
!"!!#!"!!#!"!!#
!#
%#
*#
'#
+# ,# -# .# /# 0# 1# 2# 3# 4# 5# 6# 7# 8# 9# :# ;# <# =# >#
!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7%
!"#$% &% &% '% (% )% &% &% *% +% +% &% *% ,% ,% *% &% ,% &% &% &%
-./0123% &% &% 4% 5% ,)% (% (% *% *% (% +% &% ,% *% +% *% *% ,% &% ,%
6"77893.%!"#$:%+5'%
6"77893.%-./0123:%+*'%
;<.1233%=>?=$%@%&A()%
B87C.1D7%EF2G0%H%@%,AI%F%,&J(%
& & && &K$>.L% K$>.L%K$>.L%
&%
&%
&A4 % &A4 %
M%
08%
09%
N%
!"!!#!"!!#
!"$%#
&"!'#
!"()#
&")*#&")*#
+"*&#
!"!!#
!"%'#
+"+,#
!" ! !"!!#
+"+,#
!"!!#
+"*&#
!"!!#!"!!#!"!!#
!#
+#
&#
$#
-# .# /# 0# 1# 2# 3# 4# 5# 6# 7# 8# 9# :# ;# <# =# ># ?# @#!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7%
!"#$%&# '# '# (# )# *# )# )# (# '# (# (# (# '# '# (# '# (# '# '# '#
+%,-./0# '# '# 1# *# (2# 3# 3# 4# 4# 3# )# '# (# 4# )# 4# 4# (# '# (#
5677890%#!":#1*#
5677890%#+%,-./0:#)4;#
<=%./00#>,?>@#A#(B(3##
C87D%.E7#FG/H-#"#A#'B*;#
' ' ' ' ' '@I%J# @I%J#'#
08%
09%
K#
!C	  
B	  
A	   ECR11	  
!"!!#!"!!#!"!!#
!"$!#!"$%#
!"&'#
'"&!#
!"!!#
("'!#
!"!!#!"!!#
'")!#
!"!!#!"!!#!"!!#!"!!#!"!!#!"!!#!"!!#!"!!#!"!!#!"!!#
!#
(#
'#
%#
*# +# ,# -# .# /# 0# 1# 2# 3# 4# 5# 6# 7# 8# 9# :# ;# <# =# ># ?#!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7% 8% #%
!"#$% &% &% &% '% (% )% *% &% +% &% &% +% &% &% &% &% &% &% &% &% &% &%
,-./012% *% +% )*% +3% *4% 4% 3% (% '% *% +% *% 3% &% '% &% +% )% &% &% +% &%
5"66782-%!"#$9%+)3%
5"66782-%,-./0129%::)%
;<-0122%=>?=$%@%&A':%
B76C-0D6%EF1G/%H%@%&A&'4%
& & & && && I$>-J%& & I$>-J% &I$>-J%I$>-J% I$>-J%&%& &
&A(&%&A(*%
09%
0:%
!"#$%
&"&&%
!"'!%
&"(#%
!")*%
!"!'%
&"&&%
&"$*%
&"&&%
!"#$%
&"&&%&"&&%
!"(+%
&"&&%&"&&%&"&&%&"&&%&"&&% &"&&%&"&&%&"&&%
&%
!%
,%
)%
-% .% /% 0% 1% 2% 3% 4% 5% 6% 7% 8% 9% :% ;% <% =% >% ?% @% A% B%!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7% 8% #%
!"#$%&# '# (# )# *# +# '# (# '# (# '# (# (# '# (# (# (# (# (# '# (# (# (#
,%-./01# 2# *# '2# *)# 23# 3# )# 4# 5# 2# *# 2# )# (# 5# (# *# '# (# (# *# (#
67889:1%#!";#'2'#
67889:1%#,%-./01;#<<'#
=>%/011#?-@?A#B#(C43#
D98E%/F8#GH0I.#"#B#(C4(##
( ( ( (( (((( !AJ%K# !AJ%K# !AJ%K# !AJ%K#(
09%
0:%
L#
!"#$%
&"&&%
!"'!%
&"(#%
!")*%
!"!'%
&"&&%
&"$*%
&"&&%
!"#$%
&"&&%&"&&%
!"(+%
&"&&%&"&&%&"&&%&"&&%&"&&% &"&&%&"&&%&"&&%
&%
!%
,%
)%
-% .% /% 0% 1% 2% 3% 4% 5% 6% 7% 8% 9% :% ;% <% =% >% ?% @% A% B%!"#$% &% '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7% 8% #%
!"#$%&# '# (# )# *# +# '# (# '# (# '# (# (# '# (# (# (# (# (# '# (# (# (#
,%-./01# 2# *# '2# *)# 23# 3# )# 4# 5# 2# *# 2# )# (# 5# (# *# '# (# (# *# (#
67889:1%#!";#'2'#
67889:1%#,%-./01;#<<'#
=>%/011#?-@?A#B#(C43#
D98E%/F8#GH0I.#"#B#(C4(##
( ( ( (( (((( !AJ K# !AJ%K# !AJ K# !AJ%K#(
9%
0:%
L#
!"#$%
&"&&%
!"'!%
&"(#%
!")*%
!"!'%
&"&&%
&"$*%
&"&&%
!"#$%
&"&&%&"&&%
!"(+%
&"&&%&"&&%&"&&%&"&&%&"&&% &"&&%&"&&%&"&&%
&%
!%
,%
)%
- . / 0% 1% 2 3% 4% 5% 6 7% 8 9% :% ;% <% =% >% ?% @% A% B%!"#$% % '% (% )% *% +% ,% -% .% /% 0% 1% 2% "% 3% 4% 5% 6% !% 7% 8% #%
!"#$%&# '# (# )# *# +# '# (# '# (# '# (# (# '# (# (# (# (# (# '# (# (# (#
,%-./01# 2# *# '2# *)# 23# 3# )# 4# 5# 2# *# 2# )# (# 5# (# *# '# (# (# *# (#
67889:1%#!";#'2'#
67889:1%#,%-./01;#<<'#
=>%/011#?-@?A#B#(C43#
D98E%/F8#GH0I.#"#B#(C4(##
( ( ( (( (((( !AJ%K# !AJ%K# !AJ%K# !AJ%K#(
09%
0:%
L#
